In Geostatistics, the use of measurement to describe the spatial dependence of the attribute is of great importance, but only some models (which have second-order stationarity) are considered with such measurement. Thus, this paper aims to propose measurements to assess the degree of spatial dependence in power model adjustment phenomena. From a premise that considers the equivalent sill as the estimated semivariance value that matches the point where the adjusted power model curves intersect, it is possible to build two indexes to evaluate such dependence. The first one, SPD * , is obtained from the relation between the equivalent contribution (α) and the equivalent sill (C * = C0 + α), and varies from 0 to 100% (based on the calculation of spatial dependence areas). The second one, SDI * , beyond the previous relation, considers the equivalent factor of model (FM * ), which depends on the exponent β that describes the force of spatial dependence in the power model (based on spatial correlation areas). The SDI * , for β close to 2, assumes its larger scale, varying from 0 to 66.67%. Both indexes have symmetrical distribution, and allow the classification of spatial dependence in weak, moderate and strong.
Introduction
In geostatistics applications, in general, the spatial dependence (or spatial autocorrelation) is assessed by the semivariogram study, which is the most important tool for such evaluation (Seidel, Oliveira, 2013; 2014a) . This method requires expertise and time from the researcher, since it is not always easy to visualize the shape of the semivariogram model that best fits the data.
Among the models capable of adjustment by the semivariogram, the most used are the spherical, exponential and Gaussian (Lourenço, Landim, 2005; Seidel, Oliveira, 2013) . These models feature sill, in other words, they comply with the second-order stationarity, having four parameters: nugget effect, contribution, sill and range.
According to Seidel, Oliveira (2014a) , for being a descriptor with plenty of graphic details, the semivariogram generates a lot of information, making it necessary to construct a numerical auxiliary measure of the spatial dependence. Such measure may summarize the entire set of semivariographic information to complement the semivariogram study. Besides that, according to Biondi, Myers, Avery (1994) , spatial dependence measures are important to compare phenomena (different spatial dependence scenarios) because they assess the degree of dependence.
In the literature from Geosciences and Rural Sciences, some indexes evaluate the spatial dependence degree in models with evident sill (second-order stationarity). There may be mentioned the Relative Nugget Effect (NE) (Trangmar, Yost, Uehara, 1985; Cambardella et al., 1994) and the Spatial Dependence Degree (SPD) (Biondi, Myers, Avery, 1994) , considering, respectively, the following relations between the parameters of the semivariogram: nugget effect (C0) and sill (C0 + C1); contribution (C1) and sill (C0 + C1). These two indexes to evaluate the spatial dependence are used by many studies, for example, Barbieri et al. (2013) , Costa et al. (2013) , Kamimura et al. (2013) , Neves , Peluco et al. (2013) , Santos, H. et al. (2013) , , Nascimento et al. (2014) , Lundgren, Silva, Ferreira (2015) , Rocha et al. (2015) .
More recently, Seidel, Oliveira (2014a) have proposed a new measurement to calculate the spatial dependence degree (the spatial dependence index -SDI), which considers the nugget effect (C0), the contribution (C1), the range (a), the factor of model (FM) and the maximum distance (MD) between pairs of sample points. The factor of model (FM), according to Seidel, Oliveira (2014a; 2014b) , can be understood as a value that expresses the strength of spatial dependence that the model can achieve.
However, when models that do not reach a sill are fitted, as far as it is known, there is no proposed spatial dependence measures, because the ones presented in the literature consider this parameter in their formulations. From this moment, when we refer to models that do not reach sill, we will mention just as models without sill. Thus, to contemplate situations of non-second-order stationarity, we justify the attempt to create spatial dependence measures to semivariograms with fitted models without sill. Therefore, in this study, measures to assess the spatial dependence degree on phenomena with power model adjustment are proposed.
Methodology
The index named relative nugget effect (NE) (Trangmar, Yost, Uehara, 1985; Cambardella et al., 1994) relates the nugget effect and the sill and is given by the expression:
where C0 is the nugget effect and C1 is the contribution. According to Cambardella et al. (1994) , the NE(%) can be classified as follows: strong spatial dependence from 0 to 25%, moderate spatial dependence from 25 to 75%, and weak spatial dependence from 75 to 100%.
The measure proposed by Biondi, Myers, Avery (1994) , in which contribution and sill are related, is denominated spatial dependence (SPD) and is given by:
where C0 is the nugget effect and C1 is the contribution. Adapting the classification of Cambardella et al. (1994) , the SPD(%) index is defined by: weak spatial dependence from 0 to 25%, moderate spatial dependence from 25 to 75%, and strong spatial dependence from 75 to 100%.
It is possible to observe that indexes NE(%) and SPD(%) are complementary, because SPD(%) = 100% -NE(%). Thereby, it was chosen to be used, from that moment, only the SPD index and the adapted classification of Cambardella et al. (1994) for the other descriptions and discussions.
Another index, which was created and proposed more recently by Seidel, Oliveira (2014a) , is the spatial dependence index (SDI). This index contemplates more parameters of the models and is given by the following equation:
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where C0 is the nugget effect, C1 is the contribution, a is the range, FM is the factor of model and MD is the maximum distance between pairs of sample points. In the validation study of SDI, Seidel, Oliveira (2014a) considered q = 0.5, generating a denominator q MD equivalent to half the greater distance between sample points.
It is possible to observe that the indexes presented previously are applicable only in second-order stationarity models, whose sill has been reached. However, the power model has no such feature, making it impossible the direct indexes application as they are defined.
The power model, featuring stationarity only under intrinsic hypothesis, is given as (Olea, 2006) :
where C0 is the nugget effect, α is the inclination (or slope), β is the power (or exponent), and h is the distance between points. Graphically, the model can be seen in Figure 1a . The only parameter contained in the indexes expressed in the Equations 1, 2 and 3 and set in the power model in the Equation 4, is the nugget effect parameter. That way, from the power model it is necessary to create equivalent parameters that simulate the behavior of the sill, contribution and range parameters, making it possible to apply spatial dependency indexes in this model.
Therefore, firstly, a methodology was developed to create equivalent parameters: equivalent sill, equivalent contribution and equivalent range in the power model. For such, some assumptions may be used. A first possible assumption would be to consider that the equivalent sill might be equal to the semivariance value corresponding to the value of the sample variance. Another possible assumption considers that the equivalent sill may be equal to the semivariance value in which the theoretical curves of the power model intersect (see Figure 1b ).
The first assumption was inspired by the fact that, in models with sill, there is similarity between the sample variance and the sample sill (Trangmar, Yost, Uehara, 1985; Lima, G. et al., 2014; Nagahama et al., 2014; Lima, J. et al., 2014; Jordão et al., 2015) . So that, it was considered as possible to extend this idea to the power model, turning the sample variance approximately equal to the value of sample equivalent sill, in other words, the sample variance could be considered as the estimate of the equivalent sill.
In this approach, the equality is considered: equivalent sill (C * ) = sample variance (S²). From this equality, the relationship is defined:
Thus, understanding that the estimated equivalent contribution is equal to a value W, such as: W = S² -̂0 , it is possible to observe that the applicability of this approach has the restriction that S² must be greater or equal to the estimated nugget effect (S² ≥ ̂0 ).
Furthermore, the estimated equivalent range (̂ * ) is the value of the distance (h) with the estimated semivariance [γ(h)] equal to the sample variance (S²), that is, the estimated equivalent range (̂ * ) is the value of the distance (h), such as:
This assumption, based on equality between the estimated equivalent sill and the sample variance, has weaknesses in its application, because it depends on the occurrence of the S² ≥ ̂0 condition. This condition may not always really occur and does not depend on the spatial behavior of the studied phenomenon, since the value of S² depends only on the sampling distribution of the phenomenon. Thus, in this article, the calculation of indexes from this approach is not developed. Jia et al. (2009) presents the possibility of considering the value of 95% of the highest semivariance obtained in the semivariogram sample as an equivalent value to a sill, in linear and power models. This approach also seems to be arbitrary, because it is not necessarily that this 95% cut of the semivariogram would be the best estimate of an equivalent sill. For this reason, it will not be developed in this article.
The second possible approach is more general and always applicable because it depends only on the elements of spatial behavior of the phenomenon under study. This approach is based on the assumption that the equivalent sill can be assessed as the value of the estimated semivariance [γ(h)] that coincides with the point at which the adjusted power model curves intersect. Graphically, the justification for this second approach is illustrated in Figure 1b . On this assumption, the estimated equivalent sill (̂ * ) is equal to the value of γ(h) for which h is equal to 1. That means, ̂ * = ̂0 + ̂. From this equality, the relation is defined as:
Thereby, the estimated equivalent contribution (̂1 * ) is equal to the estimated slope coefficient (̂).
Beyond that, the estimated equivalent range (̂ * ) is equal to 1, what means that the estimated equivalent sill is the value 1, because it ensures: ̂0 + ̂ℎ̂ = ̂ * . Figure 1b shows that the sum of the estimated nugget effect and the estimated slope coefficient is equal to the estimated equivalent sill. Next, it is demonstrated that ̂ * = 1. To find the value of h where the curves of model intersect, it is only necessary to equal two equations of them. Next, it is possible to check for any case of two arbitrary β (0 < 1 ≤ 1 e 1 ≤ 2 < 2), with 1 ≠ 2 :
For this equality be true, h = 0 or h = 1. As the curves visually are in h = 0, in the origin of the semivariogram (see Figure 1) , then the non-zero result found is h = 1. Thus,
The next subsection of the article deals with the construction of the SPD * index, from the approach of estimation of equivalent sill with the intersection of the power model curves. This index is constructed in an attempt to, in cases of power model application, imitate the SPD index proposed by Biondi, Myers, Avery (1994) , which is applied in cases of models with sill.
The Construction of the SPD * index
The SPD * index is calculated based on an adaptation of the concept of spatial dependence areas (Seidel, Oliveira, 2014b; . The index is obtained as the ratio between the equivalent observed spatial dependence area (SDA where SDA * observed is given as the integral of the difference between equivalent sill and the power model; the SDA * maximum is given as the integral of the difference between equivalent sill and the adapted power model (C0 = 0). Both integrals are defined between zero and equivalent range. Figure 2 shows the equivalent spatial dependence observed and maximum areas. In the next subsection, the proposed construction of the SDI * index is described. This index is built in an attempt to, in cases of power model application, imitate the SDI index proposed by Seidel, Oliveira (2014a) , which is applied in cases of models with sill.
The Construction of the SDI * index
The SDI * index is constructed from an adaptation of the concept of spatial correlation areas (Seidel, Oliveira, 2014a) . Here, the SDI * index, built from the calculation of equivalent observed spatial correlation area, can be described by the expression:
where SCA * observed is obtained through the integral, defined between zero and equivalent range, of the difference between 1 and the ratio between power model and equivalent sill. And MD is the longest distance between sample points. Figure 3 shows the equivalent observed spatial correlation area. Bull 
Indexes classification
At this stage of the study, it is developed the categorization of indexes to enable the classification of spatial dependence in terms of weak, moderate and strong, based on the classification suggested by Cambardella et al. (1994) for NE(%) index. The intention is to perform the categorization making two cuts in the distribution of index values, the first in the value corresponding to the 1st quartile, and the second to the 3rd quartile, similarly from Cambardella et al. (1994) , which proposed cuts in the value 25% (value of the 1st quartile) and value 75% (value of the 3rd quartile) for an index which had distribution of values ranging from 0 to 100%.
After this, to show the validity and applicability of the indexes, the real data from articles in which the power model was used, was applied in the study. Then, the indexes were calculated and the spatial dependence was classified.
Results and discussion
From the premise that the value of the equivalent sill (C * ) is given by C0 + α, wherein a * = 1, the SPD * index calculation is given as follows: 
where C0 is the nugget effect and α is the slope coefficient (equivalent contribution).
This index assumes values from 0 to 100%, analogously to the SPD(%) index given by Biondi, Myers, Avery (1994) . Thus, the same way that in SPD(%) index, it is assumed that the SPD * (%) index has symmetric distribution and it can be classified according to the same principle applied to the SPD(%) index, adapting the classification of Cambardella et al. (1994) . Therefore, the classification of SPD * (%) is:
On the assumption used for the construction of SPD * (C * = C0 + α) and utilizing the methodology of SDI index proposed by Seidel, Oliveira (2014a) , it is possible to develop the calculation of SDI 
in evidence, there is:
Taking a * =1, there is:
As a * = 1, it does not make sense to keep the correction factor ( 1 × ), since it does not have the effect of equivalent range in the expression of SDI * . Thereby, there is:
Finally, there is:
where C0 is the nugget effect, α is the slope coefficient (equivalent contribution) and β is the exponent. The term (1 − 1 +1 ) is the equivalent factor of model (FM * ) of the power model.
Then, it is observed that the FM * for the power model depends only on the β parameter. Thus, for 0 < β < 1 there is 0 < FM * < 0.500. For β = 1 there is FM * = 0.500. And, for 1 < β < 2 there is 0.500 < FM * < 0.667. This makes the index assume values from 0 to FM * ×100%. For example, in the case of power model with β = 1, the value of SDI * (%) can vary in the range between 0 and 0.500×100%, that is, between 0 and 50%.
Differently from the behavior of SPD * , the principle is similar to the distribution of SPD index. Regarding SDI * , it is necessary to make a theoretical study of its distribution. ): sequence from 0 to 1, with variation 0.01. As the power model varies the scale of its distribution depending on the value of β, FM * has different possible values. Thus, for each possible value of β, the 101 generated values are multiplied by FM * ×100% to generate the specific distribution of SDI * , corresponding to each possible power model behavior. Figure 4 shows box plots of distributions of the theoretical values for some situations. In Figure 4a there is an example of distribution of the SDI * (%) values for FM * = 0.400 (0 < FM * < 0.500; 0 < β < 1). Figure 4b shows the distribution of SDI * (%) when FM * = 0.500 (β = 1). And the Figure 4c shows the behavior of SDI * (%) for FM * = 0.600 (0.500 < FM * < 0.667; 1 < β < 2). The classification of SDI * (%) is performed based on the distribution of theoretical values, in each power model behavior (variation of β), as a set of data that is desired to categorize into three levels: weak, moderate, and strong spatial dependence. To do this, we calculate the first and third quartile with the intention to categorize the SDI * (%) inspired by the classification of Cambardella et al. (1994) , applied to indexes with symmetrical behavior, which has cuts in 25% and 75% corresponding to cuts in the 1st and 3rd quartiles, respectively. Thus, for the SDI * (%), which also has symmetrical behavior as seen in Figure 4 , the cuts are also made in the values corresponding to these two quartiles. That way, generalizing to any FM * (any β), the classification of the SDI * (%) is given as:
To illustrate this classification, there were taken as an example, the values of the factors of model used for the construction of the box plot in Figure 4 . For the FM * =0.400, weak spatial dependence when 0 ≤ SDI * ≤ 10%, moderate spatial dependence when 10% < SDI * ≤ 30% and strong spatial dependence when 30% < SDI * ≤ 40% were taken into consideration. For the FM * =0.500 it was noticed the weak spatial dependence for 0 ≤ SDI * ≤ 12.5%, the moderate spatial dependence for 12.5% < SDI * ≤ 37.5% and the strong spatial dependence for 37.5% < SDI * ≤ 50%. Finally, for the FM * =0.600 weak spatial dependence when 0 ≤ SDI * ≤ 15%, moderate spatial dependence for 15% < SDI * ≤ 45% and strong spatial dependence when 45% < SDI * ≤ 60% were detected.
As β varies in the power model, the FM * consequently varies its distribution. This behavior is different from the factors of model to the spherical, exponential and Gaussian models, which are fixed in each model, assuming, respectively, the values 0.375, 0.317 and 0.504 (Seidel, Oliveira, 2014a; 2014b; . The maximum FM * that can be obtained in the power model is close to 0.667 (when β is close to 2). This value is the highest among the semivariogram models already discussed (spherical, exponential, Gaussian and power). Seidel, Oliveira (2015) , for the spherical, Gaussian and exponential models, from a geometrical perspective of semivariogram.
To exemplify the applicability of the SPD * and SDI * indexes, so that researchers can use them in their future studies, the real data obtained from some geosciences and rural sciences articles (Pardo-Igúzquiza, 1998; Makkawi, 2004; Jorge, 2009; Masseran et al., 2012; Shah, Patel, 2012) were taken in order to calculate the indexes and classify the spatial dependence. These articles present power model adjustment in the semivariogram to estimate the spatial dependence. And this application is presented in Table 1 . Table 1 shows that it was possible to apply the indexes and their corresponding classifications on real data to show the applicability of the methodology. It was noted strong, moderate and weak spatial dependence classification. It is important to remind users that the two indexes (SPD * and SDI * ) generate the same classification of spatial dependence. However, the SDI * index has the possibility to evaluate the force of spatial dependence because this index considers the factor of model in its expression.
Conclusion
Two new indexes for measuring the spatial dependence when using the power semivariogram model are proposed and justified from geostatistical arguments: the SPD * and SDI * indexes.
The SPD * has symmetric distribution, holding scale of values ranging from 0 to 100%. The classification of Cambardella et al. (1994) can be applied to this index.
The SDI * also features symmetrical distribution. However, its scope depends on the value of FM * and consequently on the β parameter. This index can be rated from 1st (0.25×FM * ×100) and 3rd quartiles (0.75×FM * ×100).
Both indexes generate the same spatial dependence classification. However, the use of SDI * index allows the evaluation of the strength of spatial dependence, as regards the factor of model.
For both indexes, the spatial dependence classification can be made considering the levels: weak, moderate and strong spatial dependence.
This study was performed as a proposal to index creation for the evaluation of spatial dependence in models that do not reach sill, comparing with already existing indexes in the literature for second-order stationarity models. Thus, as a preliminary work, it is necessary more researches and applications about this topic, making it possible further comparisons, verifying the applicability and reliability of the proposed indexes.
